Published as a conference paper at ICLR 2024

ECONTROL: FAST DISTRIBUTED OPTIMIZATION WITH
COMPRESSION AND ERROR CONTROL

Yuan Gao!3* Rustem Islamov?* Sebastian U. Stich®
Universitit des Saarlandes, 2Universitit Basel, 2CISPA Helmholtz Center for Information Security
{yuan.gao, stich}@cispa.de, rustem.islamov@unibas.ch

ABSTRACT

Modern distributed training relies heavily on communication compression to reduce
the communication overhead. In this work, we study algorithms employing a popu-
lar class of contractive compressors in order to reduce communication overhead.
However, the naive implementation often leads to unstable convergence or even
exponential divergence due to the compression bias. Error Compensation (EC) is
an extremely popular mechanism to mitigate the aforementioned issues during the
training of models enhanced by contractive compression operators. Compared to
the effectiveness of EC in the data homogeneous regime, the understanding of the
practicality and theoretical foundations of EC in the data heterogeneous regime is
limited. Existing convergence analyses typically rely on strong assumptions such
as bounded gradients, bounded data heterogeneity, or large batch accesses, which
are often infeasible in modern Machine Learning Applications. We resolve the
majority of current issues by proposing EControl, a novel mechanism that can
regulate error compensation by controlling the strength of the feedback signal. We
prove fast convergence for EControl in standard strongly convex, general convex,
and nonconvex settings without any additional assumptions on the problem or data
heterogeneity. We conduct extensive numerical evaluations to illustrate the efficacy
of our method and support our theoretical findings.

1 INTRODUCTION

The size of modern neural networks has increased dramatically. Consequently, the data required for
efficient training is huge as well, and accumulating all available data into a single machine is often
infeasible. Because of these considerations, the training of large language models (Shoeybi et al.|
2019), generative models (Ramesh et al.| 202152022), and others (Wang et al.,|2020) is performed
in a distributed fashion with decentralized data. Another quickly developing instance of distributed
training is Federated Learning (FL) (Konecny et al. 2016} |[Kairouz et al.,|2019) where the goal is to
train a single model directly on the devices keeping their local data private.

The communication bottleneck is a main factor that limits the scalability of distributed deep learning
training (Seide et al.| [2014} Strom, |2015). Methods that use lossy compression have been proposed as
a remedy, with great success (Seide et al., 2014} |Alistarh et al., |2017). It has been observed that error
compensation (EC) mechanisms are crucial to obtain high compression ratios (Seide et al., [2014;
Stich et al.| [2018), and variants of these techniques (Vogels et al.,2019) are already integrated in
standard deep learning frameworks such as PyTorch (Paszke et al., 2019) and been successfully used
in the training of transformer models (Ramesh et al., [2021)).

These methods were primarily developed for data center training scenarios where training data is
shuffled between nodes. This data uniformity was also a limiting assumption in early analyses for
distributed EC (Cordonnier, 2018} Stich & Karimireddy, 2020). To make compression suitable for
training beyond data centers, such as federated learning, it is essential to take data heterogeneity
(also termed client drift or bias) (Karimireddy et al.,|2020; Mishchenko et al.,|2019) into account.
Mishchenko et al.| (2019)) designed a method for this scenario, but it can only support the restrictive
class of unbiased compressors. It turned out, that handling arbitrary compressors is a challenge. A
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line of work developed the EF21 algorithm (Richtdrik et al., [2021) that can successfully handle
the bias/drift, but cannot obtain a linear speedup in parallel training, i.e. the training time does not
decrease when more devices are used for training.

One of the main difficulties in developing a method that simultaneously combats client drift and
maintains linear acceleration has been the complicated interaction between the mechanisms of bias
and error correction. In this work, we propose EControl, a novel mechanism that can regulate error
compensation by controlling the strength of the feedback signal. This allows us to overcome both
challenges simultaneously. Our main contributions can be summarized as:

New Method. We propose a novel method EControl that provably converges (i) with arbitrary
contractive compressors, (ii) under arbitrary data distribution (heterogeneity), (iii) and obtains linear
parallel speedup.

A Practical Algorithm. EControl does not need to resort to impractical theoretical tricks, such as
large batch sizes or repeated communication rounds, but instead is a lightweight extension that can
be easily added to existing EC implementations.

Fast Convergence. We demonstrate the convergence guarantees in all standard regimes: strongly
convex, general convex, and nonconvex functions. In all the cases complexities are asymptotically
tight with stochastic gradients. In the nonconvex case, the rate in the noiseless setting matches the
known lower bound (He et al.| [2023). In the strongly convex and general convex settings, we achieve
the standard linear and sublinear convergence respectively, with tight dependency on the compression
parameter in the noiseless setting. To the best of our knowledge, our work is the first demonstrating
that in strongly convex and general convex regimes without additional assumptions on the problem.

Empirical Study. We conduct extensive empirical evaluations that support our theoretical findings
and show the efficacy of the new method.

2 COMMUNICATION BOTTLENECK AND ERROR COMPENSATION

In our work, we analyze algorithms combined with compressed communication. In particular, we
consider methods utilizing practically helpful contractive compression operators.

Definition 1. We say that a (possibly randomized) mapping C : R® — R< is a contractive compression
operator if for some constant 0 < § < 1 it holds

E[llee) — x| < (1 - o) |xI”  vxeR? )

The classic example satisfying (I)) is Top-K (Stich et al.| 2018)), which preserves the K largest (in
absolute value) entries of the input, and zeros out the remaining entries. The class of contractive
compressors also includes sparsification (Alistarh et al., 2018} |Stich et al., 2018) and quantization
operators (Wen et al.,|2017; |Alistarh et al., |2017; Bernstein et al., 2018; Horvéth et al.| |2019)), and
many others (Zheng et al.,|2019; Beznosikov et al., 2020; Vogels et al.,2019; Safaryan et al., 2022;
Islamov et al.}2023). In this section, we review related works on error compensation, with a focus on
the works that also consider contractive compressors.

2.1 SELECTED RELATED WORKS ON ERROR COMPENSATION

The EC mechanism |Seide et al.| (2014) was first analyzed for the single worker case in [Stich
et al.| (2018)); [Karimireddy et al.| (2019). Extensions to the distributed setting were first conducted
under the assumption of homogeneous (IID) data, a constraint imposed either implicitly by assuming
bounded gradients|Cordonnier (2018)); |Alistarh et al.|(2018)) or explicitly without the bounded gradient
assumption[Stich & Karimireddy|(2020). Choco-SGD was designed for communication compression
over arbitrary networks and analyzed under similar IID assumptions Koloskova et al.[(2019;2020a).
The analyses of distributed EC where further developed in [Lian et al.[(2017); [Beznosikov et al.
(2020); [Stich| (2020).

The DIANA algorithm by [Mishchenko et al| (2019) was proposed as a solution for the heterogeneous
data case, and introduced a mechanism that was able to account for the drift/bias on nodes with
different data, but only when unbiased compressors were used. However, their result inspired many
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follow-up works that combined contractive compressors with their bias correction mechanism (which
requires an additional unbiased compressor that doubles the communication cost of the algorithm per
iteration), such as|Gorbunov et al.| (2020); |Stich (2020); Q1an et al. (2021b).

Recently, Richtdrik et al.|(2021)) introduced EF21 that fully supports contractive compressors and
presented strong analysis in the full gradient (i.e. noiseless) regime. Nevertheless, the main problem
of EF21 is weak convergence guarantees in the stochastic regime, i.e. when clients have access
to stochastic gradient estimators only. The analysis of EF21 and its modifications require large
batches and do not have linear speedup with n. Moreover, they demonstrate poor dependency on the
compression parameter d. |[Zhao et al.|(2022) improves the dependency on the compression parameter
0 in a nonconvex setting but still requires large batches. Recently, |[Fatkhullin et al.| (2023)) resolved
those issues by introducing a momentum-based variant of EF21. They demonstrate asymptotically
optimal complexity for nonconvex losses.

A line of work studied accelerated methods with communication compression (Li et al., 2020; L1 &
Richtarikl 2021} Qian et al., 2021a; 2023} He et al., [2023), each with different additional requirements
on the problem, the compressor class, or stochasticity and batch size of the gradient oracle. These
methods show accelerated rates matching lower bounds in some regimes but are typically impractical
due to those requirements and many parameter tuning.

2.2  EXISTING PROBLEMS WITH ERROR COMPENSATION

Below we list the main problems of existing theoretical results and highlight a historical overview of
the main existing theoretical results in Table

Additional Communication. Gorbunov et al.[(2020); Stich| (2020) modify the original EC mech-
anism following the DIANA method. However, their approach requires an additional unbiased
compressor. Such an idea allows for building a better sequence of compressed gradient estimators but
with a doubled per-iteration communication cost.

Strong Assumptions. Many earlier theoretical results for EC require strong assumptions, such
as either the bounded gradient assumption (Koloskova et al.l 2019; |2020a)) or globally bounded
dissimilarity assumption (Lian et al., 2017; [Huang et al.| [2022; He et al., |2023; Li & Li, 2023ﬂ
Besides, Makarenko et al.| (2023)) analyses EF21-based algorithm under bounded iterates assumption.

Large Batches. |[Fatkhullin et al| (2023) gives an example where EF21 fails to converge with
small batch size. NEOLITHIC (Huang et al., 2022} He et al., 2023)) matches lower bounds with
large batch requirements combined with multi-stage execution for hyperparameter tuning. These
requirements make these methods less suitable for DL training, where small batches are known to
improve generalization performance and convergence (LeCun et al.,2012;|Wilson & Martinez, |2003};
Keskar et al., [2017).

Suboptimal Convergence Rates. Current theoretical analysis of distributed algorithms combined
with contractive compressors do not match known lower bounds in the nonconvex regime (Huang
et al., [2022; He et al., 2023)). |Zhao et al.| (2022); |[Fatkhullin et al.| (2021) do not achieve a speedup in
n in the asymptotic regime while in contrast|Koloskova et al.|(2020a)) has suboptimal rates in the low
noise regime (e.g. full gradient computations). We are aware of only the works by [Fatkhullin et al.
(2023) and He et al.|(2023)), but the latter requires large batches at each iteration.

Missing a Practical Method for the Convex Regime. He et al.|(2023)) analyzed the accelerated
NEOLITHIC in general convex and strongly convex regimes with large batch requirements. In fact,
this method is mostly of a theoretical nature as the choice of the optimal parameters relies on the
gradient variance at the solution, and it was shown to be slow in practice (Fatkhullin et al.l 2023). To
the best of our knowledge, there is no distributed algorithm utilizing only a contractive compression
operator and provably converging in general convex and strongly convex regimes under standard
assumptions.

In our work, we propose a novel method, which we call EControl, and push the theoretical analysis
of algorithms combined with contractive compression operators further in several directions.

'This assumption heavily restricts the class of functions and typically does not hold in Federated Learning.
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Table 1: Theoretical comparison of error compensated algorithms using only contractive compressors for
distributed optimization in a heterogeneous setting. We omit the comparison in the general convex regime since
most of the works focus on strongly convex and general nonconvex settings. nCVX = supports nonconvex
functions; sCVX = supports strongly convex functions. We present the convergence E [[|V f (Xout) HQ} <ein
the nonconvex and E [f (Xou) — f*] in the strongly convex regimes for specifically chosen xqu. Here Foy :=

f(xo0) = [

Algorithm nCvVX sCVX
. EC \ LFyo® | LFy(0+¢/ V%) n LFo (@ o2 f(rr+</\f) + L @
Seide et al.|(2014) ne? 5e3/2 ;ms u/oe )
Choco-SGD LinaxFoo® | LupeFoG | LygeFa®  o® | VImuG . G*° ©
Koloskova et al.|(2020a) ne? 5e3/2 de une 16e1/2 ui/35e173
EF21-SGD EF()O‘2 4 m (c) _|_ L (0)
(Fatkhullin et al.|[2021) 03e2 o ﬂ253
EF21-SGD2M LFwo® | LFao®? | LFo+oVIF, () X
(Fatkhullin et al.}[2023) ne? 5273473 oe
EControl LFyo? | LFyo LF o
This work ner 1 5o 5 ;ms + m;(”? +
Lower Bounds LFy,0® | LF, a? 1 /L
(He et al.| 2023) i e T ’\F "

(a) The analysis assumes a gradient dissimilarity bound of local gradients 2 S=7 | ||V f; (x) 17 < ¢2 + ||V f£(x)||? (Stichl[2020).

(b) The analysis is done under the second moment bound of the stochastic gradlems E [Hg =)l } < G?. We emphasize that strongly
convex functions do not satisfy this assumption.

. . . oo 2 . . 2 . .
(c) This result requires the assumption that each batch size is at least 5— in nonconvex regime and “225 in the strongly convex regime.

(d) The last term become: LE

(e) The analysis is done under gradient disimilarity assumption L >>" ||V f;(x) — V f(x) |2 < ¢2. Moreover, the result requires
large mini-batches and performing 1/8 communication rounds per iteration.

(f) The result requires large mini-batches and performing 1,/§ communication rounds per iteration. Moreover, the optimal parameters are

chosen with an assumption that = Y7 ||V f; (x*)]|2 = b? is known.

3 PROBLEM FORMULATION AND ASSUMPTIONS

We consider the distributed optimization problem

xER?

f* = min |f(x) = %Zﬁ(x) , 2
i=1

where x represents the parameters of a model we aim to train, and the objective function f: R¢ —
R is decomposed into n terms f;: R? — R;i € [n] := {1,...,n}. Each individual function
fi(x) == E¢,~p,[fi(x,&)] is a loss associated with a local dataset D; available to client 7. We let
X* = argming cpa f(x

We analyze the centralized setting where the clients are connected with each other through a server.
Typically, the server receives the messages from the clients and transfers back the aggregated
information. In contrast to many prior works, we study arbitrarily heterogeneous setting and do not
make any assumptions on the heterogeneity level, i.e. local data distributions might be far away from
each other. We now list the main assumptions on the optimization problem (2)).

First, we introduce assumptions on f and f; that we use to derive convergence guarantees.

Assumption 1. We assume that the average function f has L-Lipschitz gradient, and each individual
function f; has L;-Lipschitz gradient, i.e. for all x,y € R%, and i € [n] it holds

IVi(y) = VI < Ly —x[I,  [IVfily) = VA < Lilly — x| A3)

We define a constant L := \/ % S Lf We note that most works derive convergence guarantees

with maximum smoothness constant Lyax = max;¢[,) L; which can be much larger than L. Next,
in some cases we assume u-strong convexity of f.

“Note that the following chain of inequalities always hold: L < L < Lmax = MaX;¢[n] Li-
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Algorithm 1 EC-ldeal Algorithm 2 EControl
1: Input: xg, el =04, hi = Vf;(x*), 7, Cs : Input: xg, O—Od, hi =gi, v,n, and Cs
2h*:}12“h1 2110—1211
3: fort=0,1,2,... do 3: fort=0,1,2,... do
4: client side: 4: client side:
5: compute g = g*(x) 5: compute g! = g*(x;)
6: | compute Al = C(;(et + gt hi) 6: | compute Al = C(;(net + g —hj)
7: | update eiﬂ =el +gi—hl — Al 7: | update eiﬂ =el+gi —hi—A!
8: | send to server Al 8: | andhi , =h!+ A}
9: | server side: ~9: | send to server A!
10: | update x;41 :=x; —vh, — 23" AL 10 server side:
11: update x;, 1 1= xt ~hy — X Zl LA
12: and ht—l—l hf + = n Zz 1 A’L

Assumption 2. We assume that the average function f is ji-strongly convex, i.e. for all x,y € R% it
holds

16 = f3) + (V) x =) + 5 Ix =y )
We say that | is convex if it satisfies @) with p = 0.

We highlight that we need the strong convexity (convexity resp.) only of the average function f while
individual functions f; do not have to satisfy it, and they can be even nonconvex. On top of that, in
our analysis we apply the strong convexity (convexity resp.) around x* only, thus, it is sufficient
to assume that (@) holds for any y and x = x*. In this case, we say that a function is u-strongly
quasi-convex (quasi-convex resp.) around x*; see (Stich & Karimireddyl 2020).

Finally, we make an assumption on the noise of local gradient estimators used by the clients.

Assumption 3. We assume that we have access to a gradient oracle g'(x): R? — R? for each local
function f; such that for all x € R% and i € [n] it holds

E[g'(®)] =Vfi(x), E[lg'(x)- Vi) <o ®)

Note that mini-batches are also allowed, effectively dividing this variance quantity by the local
batch size. However, we do not need to impose any restrictions on the (minimal) batch size and, for
simplicity, always assume a batch size of one.

4 EC-Ideal As A STARTING POINT

To motivate some of the key ingredients of our main method, we start with a simple idea developed
in an ideal setting, which shed some light on the nuances of the interactions between bias and
error correction. Assume for a moment that we have access to h := V f;(x*). We can utilize this
additional information to modify the 0r1g1nal EC mechanism so that we only compress the difference
between the current stochastic gradient g? and the h’. See Algonthml 1|and the highlight below:

Al =Cs(el + gl —h!

EC-ldeal update: ' f( L g ; J ; (6)
e, 1 =e +g —h, — AL
It turns out that this simple trick leads to a dramatic theoretical improvement. Now we do not have to
restrict the heterogeneity of the problem in contrast to the analysis of original EC (Stichl 2020). The
next theorem presents the convergence of EC-Ideal.

Theorem 1 (Convergence of EC-ldeal). Let f : R? — R be ju- strongly quasi-convex around x*,
and each f; be L-smooth and convex. Then there exists a stepsize vy < 5 fL such that after at most

T(5<02+ VLo L)

pne  pn/det/?
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iterations of Algorithm (I| it holds E [f (Xou) — [*] < &, where X,y is chosen randomly from
{0, ..., %7} with probabilities proportional to (1 — nv/2)~ (1),

We defer the proof to Appendix [E] Note that the output criteria (selecting a random iterate) is standard
in the literature and for convex functions could also be replaced by a weighted average over all iterates
that can be efficiently tracked over time (see e.g. [Rakhlin et al.l 2011). EC-ldeal achieves very
desirable properties. First, it provably works for any contractive compression. Second, it achieves
optimal asymptotic complexity and the standard linear convergence when o — 0. All of these results
are derived without enforcing data heterogeneity bounds. However, there are several drawbacks as
well. First, EC-Ideal requires knowledge of {h’ };c(,,) which is unrealistic in most applications. In
Appendix |Df we show that the algorithm, in fact, needs only approximations of {hi}ie[n] as input.
Nonetheless, there is still an issue that EC-ldeal’s convergence is only guaranteed under the convexity
condition, which stems from the fact that we always need to control the distance between V f;(x;)
and V f;(x*). To overcome this issue, we need to build estimators of the current gradient, instead of
the gradient at the optimum, parallel to maintaining the error term.

5 EControl 1s A SOLUTION TO ALL ISSUES

Inspired by the properties of EC-ldeal, we aim to build a mechanism that will progressively learn the
local gradient approximations (see also Remark [T3]in Appendix [B). [Stich! (2020); (Gorbunov et al.
(2020) created a learning process based on an additional compressor from a more restricted class of
unbiased compression operators. To make their method work for any contractive compressor, we
can replace the additional unbiased compressor with a more general contractive one, but this leads to
worse complexity in the low noise regime and more restriction on the stepsize. We refer the reader to
Appendix E]for more detailed discussion. In this work, we propose a novel method, called EControl,
that overcomes all of aforementioned issues by

* building the error term and the gradient estimator with a single compressed message,
enabling error compensation for the gradient estimator;

* introducing a new parameter 7 to precisely control the error compensation and balance error
compensation carried from the gradient estimator.

We summarize EControl in Algorithm [2)and highlight the key ingredients as follows:
Ay =Cs(ne; + g — hy)
EControl update: e}, , =€} +g; —h] — A] @)
hj,; =hi+ A

Fusing the error and the gradient estimator updates improves the algorithm’s dependency on o2 and
4, but also enables the gradient estimator to carry some level of the error information. This brings
forth the challenge of balancing the strength of the feedback signal, and we introduce the 1 parameter
to obtain finer control over the error compensation mechanism. This new parameter brings additional
flexibility and allows us to stabilize the convergence of EControl. The effect of such a parameter
in the context of the original EC mechanism without gradient estimator might be of independent
interest. We observe in practice that Algorithm [2]with = 1 is unstable and sensitive to the choice of
initialization, which we illustrate in Appendix [C.2] with a toy example. This highlights the importance
of the finer control over EC that n enables. We refer the interested readers to Appendix for a
more detailed discussion on the importance of 7 from a theoretical perspective. In Appendix |C.3| we
also discuss the connection between EControl and EF21 when 1 — 0. A similar idea of weighting
error terms appeared in|Abdi & Fekri (2020); Li et al.[ (2023). However, their algorithm is based on
the original EC.

6 THEORETICAL ANALYSIS OF EControl

We move on to theoretical analysis of EControl. Below we summarize the convergence properties of
Algorithm 2]in all standard cases. We start with the convergence results in the strongly quasi-convex
regime.
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Theorem 2 (Convergence of EControl for strongly quasi-convex objective). Let f be p-strongly
quasi-convex around x* and L-smooth. Let each f; be L;-smooth. Then for n = cé (where c is an
absolute constant we specify in the proof), there exists a y < (9(5/Z)EI such that after at most

~ 2 T
T0<0+ VLo +L)

pne | pd2el/? b

iterations of Algorithm[Z] it holds E [f(Xou) — [*] < €, where X,y is chosen randomly from x; €
{Xo, ..., X7} with probabilities proportional to (1 — L)~ (t+1),

The asymptotic complexity of EControl in this regime with stochastic gradient matches the lower
bound Q(—z) up to a log term, as opposed to previous works (Fatkhullin et al.,2021; Zhao et al.,

g

pnne
2022). As we can see, the first term linearly improves with n, similar to the convergence behavior of
distributed SGD. Moreover, EControl achieves standard linear convergence and a desired inverse
linear dependency on the compression parameter J in the noiseless setting. Next, we switch to a

general convex setting.

Theorem 3 (Convergence of EControl for quasi-convex objective). Let f be quasi-convex around
x* and L-smooth. Let each f; be L;-smooth. Then for n = cd there exists a v < O(%/L) such that

after at most
) ~
P T VLRyo L LR
ne? §2¢3/2 e

iterations of Algorithm[2]it holds E [f (Xu) — f*] < &, where Ry = ||xo — x*|| and X, is chosen
uniformly at random from x; € {xg,...,X1}.

Similar to the previous case, the first term enjoys a linear speedup by the number of nodes. We
achieve a standard sublinear convergence and a desired inverse linear dependency on ¢ in the noiseless
regime.

Theorem 4 (Convergence of EControl for nonconvex objective). Let f be L-smooth, and each f; be
L;-smooth. Then for n = cd there exists a v < O(%/L) such that after at most

L.F()U2 LF()O' .ZF()
T =
© ( ne? 528 o )

iterations ofAlgorithmHit holds E [HVf(xom) ||2} < e, where Fy := f(x0) — [* and X,y is chosen

uniformly at random from x; € {Xg, ..., X1}

The complexity of EControl in both asymptotic and noiseless regimes matches known lower bounds
(He et al.l |[2023) for nonconvex functions that are derived under much stronger assumptions. We
achieve these results without any theoretical restrictions, such as large batch sizes or repeated commu-
nication rounds, making it easy to deploy in practice as an extension to existing EC implementations.

7 EXPERIMENTS

In this section, we complement our theoretical analysis of EControl with experimental results.
We corroborate our theoretical findings with experimental evaluations and illustrate the practical
efficiency and effectiveness of EControl in real-world scenarios.

7.1 SYNTHETIC LEAST SQUARES PROBLEM

First, we consider the least squares problem designed by |[Koloskova et al.| (2020b). For each client ¢,
. 2

fi(x) = 3 [|A;x — by %, where A2 = % - I and each b; is sampled from N (0, %Id) for some

parameter (. The parameter ¢ controls the gradient dissimilarity of the problem. It’s easy to see that

3Note that the stepsize can depend on . Here we use the notation v < O(%/Z) to denote that the stepsize
must satisfy v < %, for an absolute constant C' specified in the proof.
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Figure 1: The comparison of Compressed-SGD,
EC, and EControl. n = 5,d = 300, = 50 and
o = 10. We apply Top-K compressor with K/qa =
0.1. Stepsizes were tuned for each setting. X-axis
represents the number of bits sent. Compressed-
SGD (without error compensation) does not converge
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Figure 2: The behavior of EControl with different
numbers of clients where d = 200, { = 100, 0 = 50.
We apply Top-K compressor with X/a¢ = 0.1. The
stepsize is fixed 7 = % = 0.001 for the purpose of
illustration. EControl exhibits a clear linear speedup
by n, the number of clients, which verifies the linear

and EControl slightly outperforms the classic EC. parallel speedup property of EControl.
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Figure 3: Comparison of mini-batch SGD, EC, and EControl for vairous problem parameters where n = 5,d =
300 and o = 10. We apply the Top-K compressor with X/a = 0.1. Stepsizes were tuned for each setting. X-axis
represents the number of bits sent. EControl is not affected by the data heterogeneity parameter and is superior
over SGD in terms of the number of bits sent (roughly by a factor of ¢/k = 10, as expected from theory).

when ¢ = 0, V f;(x*) = 0, Vi. We add Gaussian noise to the gradients to control the stochastic level
o2 of the gradient. In Figure one can see that simply aggregating the compressed local gradient
without error compensation (termed Compressed-SGD (Khirirat et al., 2018} |Alistarh et al., [2018)
does not lead to convergence, while EControl and EC do. This result shows the need to use EC to
make the method convergent. Further, we use this simple synthetic problem to demonstrate some of
the key features of EControl:

Increasing the number of clients. In Figure 2| we investigate the effect of the number of clients on
the complexity of EControl. Crucially, the theory predicts that EControl achieves a linear speedup
in terms of the number of clients when using a stochastic gradient. In our experiment, we fix a small
stepsize and investigate the error that EControl converges to. We see that as the number of clients
doubles, the error that EControl oscillates around is roughly divided by half. This confirms our
theoretical prediction of the linear speedup.

Independence from gradient dissimilarity. In Figure 3| we see that EControl is not affected by the
gradient dissimilarity parameter ¢ and its complexity stays stable across the three figures. On the
other hand, the original EC suffers from the increasing ¢, taking longer to converge as ¢ increases.

Moreover, as Theorempredicts, the (9(;—:5) term is dominant, and the performance of EControl
(in terms of the number of bits sent) is superior over that of SGD with batch size n. The stepsizes
are fine-tuned over {5 x 107°,1074,5 x 10=4,1073,1072, 10~ !}, and for EControl we fine-tune n
over {10735 x 1073,1072,5 x 1072,1071}. As ( increases, the performance of EControl is not

affected, while the performance of EC deteriorates.

7.2 LOGISTIC REGRESSION PROBLEM

Next, we consider the Logistic Regression problem for multi-class classification trained on MNIST
dataset (Deng), 2012) and implemented in Pytorch (Paszke et al., 2019). First, we split 50% of the
dataset between 10 clients according to the labels (the data point with ¢-th labels belongs to client
i + 1). The rest of the data is distributed randomly between clients. Then, for each client, we
divide the local data into train (90%) and test (10%) sets. Such partition allows to make the problem
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Figure 4: The comparison of EF21, EF21-SGDM, and EControl with fine-tuned parameters for Logistic
Regression problem on MNIST dataset.

3
10 —— EF21
EF21.560M
EControl
e !

3
=

10° — P21

AT £F21.560M

T N : oy Paiins >

2 10 g% A v g ="
[ g AR 5 - 8
c oA | S \ H By :

B Rt <0 A g0 VI £
=107t NP | 3 fj = /i g
i ¥ § eh W #

NA a0 EF21-5GDM 103 TN 2

Nl i = oo Y s

3
10 0 20 10 60 0 20 40 60 0 20 20 10 60

10
Epochs Epochs Epochs Epochs

(a) Resnet18 (b) VGG13

Figure 5: The comparison of EF21, EF21-SGDM, and EControl with fine-tuned parameters for training Deep
Learning models on Cifar-10 dataset.

more heterogeneous. We compare the performance of EControl, EF21-SGDM, and EF21. For all
methods, we use Top-K compression operator with K = 1%. We fine-tune the stepsizes of the methods
over {1,1071,1072,10~3}. Moreover, we fine-tune 1 parameter for EControl over {0.2,0.1,0.05},
and for EF21-SGDM we set = 0.1 according to (Fatkhullin et al.,2023)). We choose the stepsizes
that achieve the best performances on the train set such that the test loss does not diverge. The results
are presented in Figure ] Note that the communication cost of the methods per iteration is the same,
therefore, the number of epochs is proportional to the number of communicated bits.

We observe that EControl has the fastest convergence in terms of training loss. The same behavior is
demonstrated with respect to test accuracy. Nevertheless, the test accuracy difference for all methods
is within 1 percent.

7.3 TRAINING OF DEEP LEARNING MODELS

Finally, we consider the training of Deep Learning models: Resnet18 (He et al.,|2016) and VGG13
(Simonyan & Zisserman) 2015)). The implementation is done in Pytorch (Paszke et al.,[2019). We
run experiments on Cifar-10 (Krizhevsky et al.,|2014)) dataset. The dataset split across the clients is
the same as for the Logistic Regression problem—half is distributed randomly, and another half is
portioned according to the labels. For the compression, we utilize Top-K compressor with % =0.1.
We fine-tune the stepsizes over the set {1,0.1,0.01} for EControl, EF21-SGDM, and EF21 and
select the best stepsize on test set. For EControl and EF21-SGDM we set = 0.1.

According to the results in Figure[5a| all methods achieve similar test accuracy, but EF21 has more
unstable convergence with many ups and downs. EControl achieves a better stationary point as the
training loss is smaller than for the other two methods. Similar results are demonstrated for VGG13
model; see Figure[Sb] The training with EControl allows to reach a stationary point with a smaller
training loss. Moreover, EControl outperforms other methods from a test accuracy point of view: it
gives slightly better test accuracy than EF21 and considerably higher accuracy than EF21-SGDM.

8 DISCUSSION

In this work, we propose a novel algorithm EControl that provably converges efficiently in all standard
settings: strongly convex, general convex, and nonconvex, with general contractive compression and
without any additional assumption on the problem structure, hence resolving the open theoretical
problem therein. We conduct extensive experimental evaluations of our method and show its efficacy
in practice. Our method incurs little overhead compared to existing implementations of EC, and we
believe it is an effective and lightweight approach to making EC suitable for distributed training of
large machine learning models, especially when also using the standard momentum mechanism for
reducing the variance of the stochastic gradients in deep learning training. However, the theoretical
analysis of this extension is outside the scope of this paper, and we will leave it for future work.
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A USEFUL LEMMAS AND DEFINITIONS

In this section, we state the important notations and useful lemmas that we use in our convergence
analysis. We use the following notation throughout the proofs

1 & N2
F,—E — /Y and E=- E[} 8
t [f(Xt)] f an t n 4= HetH (8
For shortness, in all our proofs we use the notation
i i IR I~ (R
g =8g'(xt), 8= o '2—1 8 €= 21 e;, and hy = n Eﬁl h;. ©

Besides, we additionally introduce the sequence of virtual iterates which are defined as follows

~ ~ L Y=
= =Xy — — 7. 10
X0 =X, Xpp1 =X — ;:1 8 (10)
Performing simple derivations we get the link between real and virtual iterates of Algorithm
_ ’y n ;
%, =L § . 11
Xt — Xy n L € (11)
In addition to the notations introduced inEquation @I), we define
X, =E [|% —x*|%] . (12)

Finally, we introduce another quantity that bounds the size of the compressed message:
1 & . . 2
Hy = — > E|||nef + gi - bi’] 13
t nzzzl H??etJrgt t” (13)

The following lemmas were taken from other works (as indicated) and we omit their proof.
Lemma 1 (Lemma 8 from [Stich & Karimireddy| (2020)). Assume f is L-smooth and p-strongly
quasi-convex. Let the sequences {x.}, {€} }ic[n) be generated by Algorithm@ Ifv < ﬁ, then

2
Xpp1 < (1 - %) X, — %Ft + %02 1 303E,. (14)

The descent lemma in }7} is taken from (Stich & Karimireddy) 2020)

Lemma 2 (Lemma 9 from |Stich & Karimireddy| (2020)). Assuming that f is L-smooth, and x; and

e, are generated by Algorithm 2} then

,72 L 0.2
2n

~ - 3L2
Fooi < F,— %E [||Vf(xt)||2} +7 B+ (15)

For the sake of completeness, we list two summation lemmas from (Stich} [2020) without proofs. The
first lemma is used in order to derive convergence guarantees in the strongly convex case.

Lemma 3 (Lemma 25 from |Stich| (2020)). Let {r;}1>0 and {s; }1>0 be sequences of positive numbers
satisfying

rep1 < (1 —min{yA, F})r; — Bys; + Cy* + Dv3, (16)
for some positive constants A, B > 0,C, D > 0, and for constant stepsize 0 < v < %, or E >0,
and for parameter 0 < F' < 1. Then there exists a constant stepsize v < % such that

T
B F A A
— i A, — < EF+ —= — mi — F(T+1
W tg_owtst—&—mln{ ,’y}’/‘T_;,_l < ro( + F) exp( mm{E, }( + ))
2CInt n DIn’r
A(T+1)  A2(T +1)?
for wy = (1 — min{yA, F})~t+D Wy = Zf,T:o wy, and

2 2 43 3
T = max {exp(1>,min{A To(g-f—l) ,A r0(£+1) }}

14
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Remark 4 (Remark 26 from |Stich| (2020)). Lemma|3|established a bound of the order

A A . [A C D
O(To (E+ F) exp (—mln{E”F} (T + 1)) +AT+A?T2)

that decreases with T'. To ensure that this expression is smaller than e,

~(c vD 1.1 E 1 ~(C VD 1 E
T_O<Ae+M+FIOgs+AlOge>_O<Aa+z4\/§+F+A>

steps are sufficient.

The second lemma shows the convergence rate in the nonconvex or convex settings.

Lemma 5 (Lemma 27 from|Stich| (2020)). Let {r;}1>0 and {s; }1>0 be sequences of positive numbers
satisfying

ri41 < 1 — Bysy + Cy* + Dy, 17

for some positive constants A, B > 0,C, D > 0, and for constant stepsize 0 < v < %, for £ >0,
and for parameter 0 < F' < 1. Then there exists a constant stepsize v < % such that

T 2/3 1/2
B ETQ 1 To CTO
= < =2 4op/3 (2 2 . 18
T+1f=08t*T+1jL <T+1> * <T+1 (18)

Remark 6 (Remark 28 from |Stich|(2020)). To ensure that the right-hand side of is smaller than
e>0,

g2 g3/2 €

T—O(CTO \/ET’O E’I"()).
steps are sufficient.

B MISSING PROOFS FOR EControl

In this section we prove Theorem [2} Theorem [3]and Theorem [4]

B.1 STRONGLY CONVEX SETTING

We start with the strongly convex case setting. First, we bound the distance between two consecutive
iterates.

Lemma 7. Let f be L-smooth, then:
2 9 2 20’2
E | |[x41 — x| } <y 2(1—0)H: +4n Et+4LFt+T . (19)
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Proof.

1

E [ =] = E[Ihc+ A

= E [IIAt —ne; — gt + hy + ney + gtllﬂ

< 2K 1A — et — g + bull*] + 2 [ lne: + gl
20?

2E [|A — nec — g + hull*] + 2B [Ine: + V £(x)|*] +

2 ¢ i i i i]|2 4n? - il|2
= gZE[HAt_’]et_gt*htH } +TZE[HetH }
=1 =1

+4E [V £ (x) P] + 207

2(1 — 8) & S 4n? :
< DS g ne; + g wi)7] + DS 8 el
=1 =1
202

+ALE[f(x) — 1]+ .

where in (i) — (iii) we use Young’s inequality; in (i) we use Assumption 5] and in (iv) we use the
definition of the compressor, L-smoothness and convexity. O

The next lemma gives the descent of F;.

Lemma 8. For any a > 0 we have:

By <(1+a)(1=n)’E 4+ (1+a ) (1-6)H, (20)
Proof.
RS i i i i||2
Et+1 = EZE[Het—i—gt—ht—AtH :|
i=1
@ S lv i i i il|2 2
< (I+a )EZE [\!net+gt—ht—At|\ } + (1 +a)(1—n)"E;
i=1
(@9) -1 1« i i il12 2
< (I+a )1~ 5)ﬁ ZE [H??et + g — ht” ] + (I +a)(1 —n)°E;
i=1
= (I+a HA=8H + (14 a)(1—n)E,.
where in (i) we use Young’s inequality, and in (i7) we use the definition of the compressor. O

Now we give the descent of H.

Lemma9. Let f be L-smooth and each f; be L;-smooth. Let n = & forsome k > 1and~v < 32:;53
Then we have:
) 863 12812426 1282 L2
i = <1:’)2)Ht+<1«144+ T A
4 T.2~2
+ 4 (1 LI ) o2. 1)
) n
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Proof. We unroll the definition of H; 4

Hy =

(i1)

(i)
<

1 ; ; ;

-~ Z]E [Hneiﬂ + 81— hiHHQ}
=1

- > E {Hnei +ngt — nhy —nAp —hi — Aj + gzﬂ”ﬂ
i=1

1 .
1+ﬁanE[||net (1+m)gi = (1+m)hj = (1 +mAj|*]

3

1 ) .
1+ 51 I ZE [Hg;—i-l - gﬂﬂ
=1

1+ ﬁl)% Y E [Hnei + (1+mn)gi — (1+n)hi — (1+ n)Aim
i=1

201+ 575 DB [IVAre) = VAGI] + 41+ 570

(1+81)- ZE[Hnet (1-+ mgi — (L — (14 mAf[]

+ 201+ BTOEE [xen — x| +4(1+ B7)o?,

(22)

where in (i) we use Young’s inequality, in (ii) we use assumption 3] and in (i) we use smoothness
of f;. Now we consider the first term in the above:

fzxa[nnet (1+ )i — (1 +mh — (1 + Al

—~
INE
S

(

IN S
&

. . . 12
(1+ o) (1 +n)2E;E [llnei + g — i = A" + (1

(1+ Bo)(L+m)*(L = 0)Hy + (14 By ') Ey,

+ 551)774Et

where in () we use Young’s inequality, and in (i7) we use the definition of the compressor. Putting it

back in (22), we have:

H;y <

By Lemma we can

H <

(L+B) 1+ B) (X +n)*(1—0)H, + (1+ B1)(1+ B )n*Ey

£ 214 BOIE e — ] + 401+ B7)o?

substitute {thﬂ — X HQ} and get:
(L4 A1)+ B2) (1 +n0)* (1 = ) Hy + (1 + B1)(1+ B3 ) By
+2(1+ By L% (2(1 — §)H, + 4n?E, + ALF, + 2;2)
+4(1+ By Ho?
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n

Since n = & for some k£ > 1, we must have:

(I+n)?(1-6)<1-

NS
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Let us choose 37 == 16525 and 3, = so we get:

)
8-25°

§ . 64L%? 8yt 128L242?
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t+1 S < 16 + 5 ¢+ 5 + 5 t
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) 5 n
O
Finally, we consider the Lyapunov function ¥ := X; 4+ aH; + bF; where constants a and b are set as
. 3
follows: b := %, a = 51522’“1’, where k£ will be set later.

Lemma 10. Let f be L-smooth and pu-strongly quasi-convex around x*, and each f; be L;-smooth.
Letn = &, and v < 73200‘5\/5? then we have

vu 0 ¥ 502 3101 Lo?

Proof. Withn = ﬁ we set o = ﬁ in Lemma and get

o 8k
E 1 <|(1—-—|Ei+—H
t+1 S ( 3 k) t + 5
We can put the link between the real and virtual iterates and the descent lemmal[T|for X, together
and get

T 7
\I]t—',-l S (1 — ?> X — *F + U + 3L’)/3Et

5 863 12812425 1282 A2
(1 32)Ht <k444+ e R

64 242\ 5 8k
— (1 bl(1-— —H|.

Rearranging the terms we continue as follows

6  8kb
Vi < <1—2)Xt+<1—32—|—5>aHt

§ 3Ly3 a8  128L24%
+<18k+ ; +b<k444+ e bE,

1282 [~2 64 L2~2
Tp 4+ 22220 8y 20 + a<1+ T o2

+a

2 1) ’ ) n
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Now we set v <

fk = , and then we get:

§ 8kb 1 3L~3 53
‘I’t+1§(1—2)X+(1—+) Ht+(1 T4 a>bEt

32 6 8k b 16k

T271 .2 2 2,2
g B e 20+Ma<1+L7 >a2.

2 ) 1) n

3
Letb = 4%# and a = ‘)l%b , then for the coefficient next to H; have

6 8kb 1)
1—-—4+—<1-—.
+ da — 64

For the coefficient next to £ term we have

6 3L73+53a <1_i+3725
8k b 16k%b — 16k k3~

For the coefficient next to F} term we have

v 128L%L~%a v 3y
AT il A G ARt
2T T S Ta g

Finally, for the coefficient next to o term we have

64a 1242 107k?L
— |1 < A3
5 ( ) S

Therefore, combining all together and setting k£ = 100, we get:

5 5
\Ilt+1§(1—>Xt+< 64)aHt+(1—8850)bEt

2 117 52
¥ 00 310" Lo
_ IR - =
1 t+ n + 5
7T ~ N 3101 Lo?
<|1- —, = | ¥ — - F — Ry ma— O
< mln{ 5 8850}) 1 t+ " +7 5

Now we give the precise statement of Theorem 2]

Theorem 5. Let f be u-strongly quasi-convex around x* and L-smooth. Let each f; be L;-smooth.
Then for n = there exists a v < such that after at most

5
3200v/2L

~ 2 T
T:O<U+m+L>

400 ’

une  pé2el/2  pé

iterations of Algorithm E] it holds E [f (Xpur) — [*] < &, where Xoy is chosen randomly from x; €
{xq, ..., %7} with probabilities proportional to (1 — )~ (t+1),

Proof. The claim of theorem [5|follows from Lemma @E Lemma [3]and remark [4] from (Stich 2020).

Note that by the initialization, we have ¥y = ||xg — . Also note that by the choice of parameters
I~ O O
2 = 8850°

B.2 CONVEX SETTING

We switch to the convex regime. The considered setting differs from the previous one by setting
1 = 0. Then the claim of Lemma|10|changes as follows.

Lemma 11. Ler f be L-smooth and quasi convex, and each f; be L;-smooth. Let n = ﬁ, and
s
v < 330073 then we have
o? 101 Lo?
Wipr < Wy — ZFt + ’72 + 73574’ (24)
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Proof. The proof immediately follows from lemma[I0]by plugging in y = 0. O

Now we give the precise statement of Theorem 3]

Theorem 6. Let [ be quasi-convex around x* and L-smooth. Let each f; be L;-smooth. Then for
— 0 ] 5
n = 100, there exists ay < 3200751 such that after at most

T—o <R00’2 . VIR0 ERO>

ne2 §2¢3/2 de

iterations ofAlgorithmit holds E [f (Xou) — f*] < &, where Ry = ||xo — x*||? and X, is chosen
uniformly at random from x; € {xq,...,Xr}.

Proof. The claim of theorem [6] follows from lemma [IT} lemma [5] and remark [6] from (Stich &
Karimireddy} 2020). Note that by the initialization ¥y = Ry. O]

B.3 NONCONVEX SETTING

Now we give the small modification of lemma[7] that is used in the nonconvex setting.
Lemma 12. Let f be L-smooth, then:

2 2
Elles —xl] <57 (20 - O+ 42B + B[S0+ 22) . @9
Proof.
1
E [ =] = B[l A

- E[||At—net—gt+ht+net+gt||2}
< 2B [)a —ner — g+ hul’] + 2E [nes + il

2
< 2E [”At — e, — g +ht||2} +2E [Hnet +Vf(xt)H2} + 2%
2 o , , , . 4n? & ,
< Lu(lai- e+ nil]+ 308 lel)]
2
4B [IVFee)] + 25

2(1-9) = i i il|2 4n? S il|2
< n;E[||net+gtht|| ] +n;E[|\et|| ]

(195l + 2

where in (i) — (ii) we use Young’s inequality; in (¢i) we use Assumption[5] and in (iv) we use the
definition of the compressor. O

Next, we give a simple modification of lemma [9]in nonconvex setting as well.
Lemma 13. Let f be L-smooth, and each f; be L;-smooth. Let n = & for some k > 1 and

v < ﬁ. Then we have
) 863 12812425 1281242 5
< - -
Hyyo < (1 32) H, + ( it o | Bt —5E IV
64 L242
+ = (1 =27 ) o2 (26)
) n
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Proof. The proof is almost exactly the same to the proof of lemma [9] where the bound of
E [||lze41 — x?] by lemmais replaced by lemma O

Now we consider the Lyapunov function ¥, := E + aH; + bE; where constants a and b are set as

2_3
follows: b := 3L 57 ,a = 51522kb, where k£ will be set later.

Lemma 14. Let f be L-smooth, and each f; be L;-smooth. Let 1 = ﬁ and v < m. Then we

have:

5 Lo? 310190252
— .

Y 2
it U= 2B ||V +12 =

27

Proof. Note that lemma still holds in the smooth nonconvex case. Therefore, with n = 15 if
in 20) we set o = 0, then:

6 8k
Eip1 < (1 - ) L + FHt-

Now we put all inequalities together:

3712 2
= 7 21 , 1°L 7L ,
< — = I
Uiy < F 4E |:va(xt)|| } + B E: + o O
) 863 12812425 1282~2 )
+a (1—32>Ht+<k444+ o )Et+5JE[||Vf(xt) }

4 212~2
+ 6<1+ 1 >02]
0 n
5 8k
AP

= ﬁt+<1—5+8kb>aHt

32 da
+ <1 = & + L;f +3 <:§4 + 12&;%22725)) bE,
sz EE 12855711*: [NZEDIE
721:2—22 + 6%@ (1 + ZT) o2,
Similar as before, we now set vy < W% and get:

~ o  8kb § L%y 53
\I/t+1§Ft+<1+>aHt+<1+ ’Y+ a>bEt

32 da Sk 2b 16k4b
128L242a L 64a L242
- 2E [IVFe)IP] + R IV | + 4755 0% + 55 (1 S ) o*.

Letb = M and a = 212K then for the coefficient next to Hy term, we have

1) 8kb )

1- 24 2

32 + da — 64’

for the coefficient next to F; term, we have
5 L%y 5a é a 6 320

1— — <1-— <1- 220
8 2b T T6ki - 16k T 16kb - 16k | W8
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for the coefficient next to E [||V f(x) ||2} term, we have
AT i S
4 ] -
for the coefficient next to o2 term, we have

72,2 61272
6§a<l+L7>S7310kL.
n

v, 128L%% _ 4
4

Therefore, if we set k = 100, we get:

- 5 5
U <F4(1-2)am+(1- -2 \sE
1 = “L( 64)“ t+( 8850>bt

v 2 Lo? 10197242
— SB[V )| + 22+
v 9 2L0_2 31010L202
v R[] 442 4 10
< ¥ TR [IVFGIP] + 72 2P

Now we give the precise statement of Theorem 4]

Theorem 7. Let f be L-smooth, and each f; be L;-smooth. Then for n =
v < ) such that after at most

3200v/2L
LFyo? LFyo LF,
T=0
( ne2 +§253/2 + de

)

100" there exists a

iterations ofAlgorithmHit holds E [||Vf(xou,) ||2} < ¢, where Fy := f(x0) — [* and X,y is chosen

uniformly at random from x; € {xq,...,Xr}.
Proof. The claim of theorem [7]follows from lemma[T4} lemma [5]and remark [6] from (Stich| [2020).
Note that by our choice of initialization, ¥¢ = Fj. ]

Remark 15. Notice that we do not explicitly bound the distance between hi and the full local
gradient ¥V f;(x;) like in the proof of EF21 (see also Appendix @) Instead, we only control the size
of the error term and the compressed message. Interestingly, this way we also indirectly control the
distance between h! and the local stochastic gradient:

1 n ) 9 1 n ) ) s 1 n 9
= Ellgi = wil) < 22 SB[ llnei +gi = hill"] + 22 o nE [|lel]”]
i=1 i=1 i=1
= 2Ht -+ 27]2Et
With the choice ) ~ 6, Hy + n?Ey is proportional to the aH; + bE, term involved in the Lyapunov
function we use in the analysis. Taking into account the convergence guarantees for the Lyapunov

function, the above derivations show that the distance between hi and g indeed is controled and
does not blow up.

C IMPORTANCE OF 77 CHOICE

C.1 THE ROLE OF 1) FROM A THEORY PERSPECTIVE

Here we review the role of 7 in the lemmas, and shine some light on why the choice n ~ § is
important. For simplicity, we only consider the strongly convex case.

* The descent of E, is achieved through 7. In particular, in Lemma [§] E; is scaled by

(1+ a)(1 —n)?. For ) ~ & and appropriate choice of v, we get a descent on E; at the scale
(1 — Q(d)), which is proportional to the descent of H; in Lemma|[9)]

22



Published as a conference paper at ICLR 2024

(@) el = 0,h = Vf;(x0) (b)ei =0,hj =0
R 10"
1 —— y=7"n=1 —— y=q*,p=1
10 Y y=7"n=4 J y=l =1
N: e o 101() 1; > 7,'7;[7;”‘7771
* 0 * x —— =y n=6
s 10 X % J v
] . o]
2101 il
1072 X
0 1 2 3 4 5
Iterations, x10* Iterations, x10*

Figure 6: The convergence of EControl with 7 = 1 and n = 0.5 for two different initializations. EControl with
1 = ¢ converges regardless of the initialization while EControl with = 1 is sensitive to the initialization. Here
y* = T300V3L" i.e. theoretical value of the stepsize.

* Perhaps more importantly, 1 controls the contribution of E, and balances the scale between
FE; and H,. Crucially, an E; term is introduced into the descent of H; in Lemma@]via the

upper bound on E {th — Xtq1 Hﬂ (Lemma. With the 7 term, the contribution of F; from

E [||xt — X1 ||2} is of the order O(7*7°/s). This turned out to be extremely important in
Lemmall0] where b ~ §2a (recall that a is the coefficient of H; and b is the coefficient of
E; in the Lyapunov function ¥). Taking a closer look at Lemma [I0] we see that setting

1 ~ 6 scales the F; term from the descent of H; by “'Y;é” ~ 76—2. This allows us to pick
~ ~ ¢ resulting in a § scale in front of the F; term from the descent of H;.

C.2 UNSTABLE BEHAVIOR WHEN 7 =1

Let us first consider a simple problem with n = 2, d = 3 where f; and f5 are defined as follows
1 1
Ai) = (1,1,5) x4 glxl? £ = (1,5,1) Tx + 5 lx]*.

Obviously, this problem is strongly convex. We show that n parameter plays an essential role in
stabilizing the convergence of EControl. We show that if ) = 1, then with the specific choice of
initialization EControl may diverge while with = ¢ it converges.

In the first set of experiments we consider e}y = 0, h§ = 0, while in the second one we initialize as
el = 0,h{ = V fi(xo). For simplicity, we use full gradients in both cases in order not to be affected
by the noise. We apply Top-1 compression operator in all the cases, i.e. § = % For EControl with
7 = ¢ we set y according to Theorem 2]

We demonstrate the convergence in both cases for EControl with = 1 and 1 = ¢. The results
are presented in Figure[6] We observe that in both cases EControl with = & converges linearly
to the solution as it is predicted by our theory. In contrast, EControl with 7 = 1 converges only
if hj = Vf,;(x0) and diverges if hi = 0 regardless of the choice of ~y. Very small values of the
stepsize postpone the gradient norm blow up. This example illustrates that 7 ~ § makes the algorithm
converge more stable, i.e. it is necessary for efficient performance.

C.3 COMPARISON WITH EF21 AND DIMINISHING 7

Note that in Algorithm[2] when 1 — 0, the algorithm recovers EF21. However, the crucial difference
between EControl and EF21 is precisely the fact that each update is injected the scaled error term,
which is the key ingredient for achieving the linear speedup in the number of clients. In this section we
use the synthetic least squares problem in Section[7.1]to demonstrate that, as 7 — 0, the performance
of EControl degrades in the stochastic regime and its performance converges to that of EF21. The
results are summarized in Figure
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-@— 7=0.0001
n=0.01
2 10! —A— 1=0.05
* - EF21
&
|
5
:10—1
g g g
0 5000 10000
Iterations

Figure 7: The convergence of ECOntrol with changing  and EF21. d = 200, ¢ = 100, 0 = 50 and number of
client is 16. We apply Top-K compressor with /4 = 0.1. The stepsize is fixed v = 0.001 for the purpose of
illustration. EControl the performance degrades as n — 0.

Algorithm 3 EC-Approximate: EC with Approximate Bias Correction

1: Input: x¢,7, ei =0g4, Cs, and {h'};c[, such that L 37" | E [HhZ V(x| }

2 h=_ Z? 1 ‘

3: fort_0,1,2,... do

4: gt =g V client side
50| A= C5(et + gt h’)

6: | et+1 —ej+g —h'—A]

7: | send to server: Al A

8 | xpp1i=x—7h—-23" Al Vv server side

D EC-Approximate: APPROXIMATE BIAS CORRECTION

In Section@]we described the ideal version of EC when we have access to h? = V f;(x*). However, in
practice, it is not known most of the time. Therefore, we propose to use a good enough approximation
instead to make the method implementable. This idea leads to EC-Approximate summarised in
Algorithm [3| There, instead of h’ we use its estimator h? which should estimate the true value h’
well enough. In more details, we run EC with h' satisfying

*ZE[\W V)] <a

in other words, the average distance between h and V f;(x*) is at most . A trivial choice of h
is the zero vectors, for which Algorithmrecovers the D-EC-SGD (Stichl 2020) algorithm with
bounded gradient (at optimum) assumption. However, the smaller « is (i.e., the better approximation
we have), the better convergence is. Thus, it is beneficial to obtain h’ after a preprocessing For

example, a nontrivial choice would be some h' such that = >°" | E [th V(x| } <O0(% L

Such {h"};c[,] can be obtained by running EF21 for 6(%) rounds, which is constant and does not
depend on the accuracy €. We show that it is indeed possible in Appendix |G|for completeness.

D.1 CONVERGENCE ANALYSIS

In this section we prove the convergence of Algorithm[3] The next lemma bounds the descent of E.

Lemma 16. Ler f; be L-smooth and convex. Let {h'};ci,) be such that
% S E {th Vfi(x H ] < q, then the iterates of EC-Approximate satisfy
) 8L 4
Et+1§(1—2)Et+5Ft+5a+ (28)
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Proof.
o = 5 3 E [+ == el -]
DS e e+ gt )]
. @ izn;E [lled + ¥ fix0) = 0] + 02
< Win«: el

+ %ZE [val ;) hiHQ} 12

where in the last inequality we used Young’s inequality. Setting 5 =

IN

1 =9y We have:

B (1-5) Bt 5o ZE[szxt) V6]

+772E“sz ~ W] + 02

0 8L 4o 9
<(1-2 2= = .
_(1 2>Et+ 5Ft-i- 5-1—0

where for the first inequality we used Young’s inequality again, and for the second inequality we used
the smoothness and convexity of f;, and our assumption on h’. O

Now consider the Lyapunov function ¥, = X; + aE}; for a = 12“

. We obtain the following
descent lemma in ¥,

Lemma 17. Let f be u-strongly quasi-convex around x*, and each f; be L-smooth and convex. Let
{h'}, e be such that L3 | E {th V fi(x*) || } < o, and the stepsize be v < Then the

6
= 8V6L’
iterates of EC-Approximate satisfy

\I/t+1 < (]. — C)\Ijt — *Ft +’y

N b (48La 12L02> 29)

FE:
12043
)

and ¢ = &

where a = o3

Proof. Putting Lemma [T]and Lemma [T6|together, we have:

2
Vi1 < (1 - %) X — %Ft + 721 + 3L E;

) 4o
+a((1_>Et (;Ft‘i‘T“r )

5 3Ly
(1‘2))“( R )E

502 4o 9
+y —+al|l—++o0o
n 4]

Plugging in the choice of a, we have for the £} term:

5  3Ly?
1—§+ i =

RS
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and for F} term:

v _8La _ v 96L%° v
2 5 2 1T =u

Combining the above together we derive the statement of the lemma. O

Theorem 8 (EC-Approximate: EC with approximate bias correction). Ler f : RY — R
be pi-strongly quasi-convex, and each f; be L-smooth and convex. Let {h'};c(n) be such that

% Y E [th Vfi(x H } < a. Let stepsize be v < SjéL' Then after at most

T=(5<U2 VLo \/7 L)

pne u\f\f po/e  pd

iterations of Algorithm (3| it holds E [f (Xou) — [*] < &, where X,y is chosen randomly from
{0, ..., %7} with probabilities proportional to (1 — nv/2)~ (1),

Proof. We need to apply the results of Lemma. Lemma L and Remarklnotlclng that 2 <
always due to the choice of the stepsize.

[Trores

According to the statement of Theorem [§] the inaccuracy in the approximation affects the higher
order terms only. We clearly see that EC-Approximate achieves optimal sample complexity. This
result suggests that preprocessing in the beginning of the training for a constant number of iterations
may lead to better convergence guarantees in comparison with original EC.

In Appendix [G] we show that in a constant number of rounds of preprocessing using EF21, one
can obtain a good {h’ }1€[n] with error of the order O(o?) for D-EC-SGD with approximate bias
correction. We summarize it in the following corollary.

Corollary 18. Let f : R? — R be p-strongly quasi-convex, and each f; be L-smooth and convex.
Ly

. s
) rounds. Let the stepsize be v < SVGL" Then

~ ([ o? Lo L
T'=0(—+—55—=+—
(/ms N u5>
iterations of Algorithm (3| it holds E [f (Xou) — *] < &, where X,y is chosen randomly from
{0, ...,%7}, chosen with probabilities proportional to (1 — n~/2)~(t+1),

Let run EF21 as a preprocessing for O ( log %

after at most

Proof. We only need to apply the results of Lemma[25]and Lemma [26]in Theorem [§] O

E CONVERGENCE OF EC-Ideal

In this section we derive the convergence of EC-Ideal. The result directly follows from Theorem
with o = 0.

Theorem 1 (Convergence of EC-ldeal). Let f : R? — R be ju- strongly quasi-convex around X*
and each f; be L-smooth and convex. Then there exists a stepsize vy < f 7 such that after at most

~ 2
pne - pn/6et/2 - pd

iterations of Algorithm (I| it holds E [f (Xour) — *] < &, where Xy is chosen randomly from
{0, ..., X7} with probabilities proportional to (1 — wr/2)~(+1),

Proof. We need to apply the results of Theorem 8| with o = 0. [
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Algorithm 4 D-EC-SGD with Bias Correction and Double Contractive Compression

1: Input: xo, eOde, h) =g hy = Z?:l h{, Cs,,Cs,, and y

2: fort=0,1,2,... do

3: compute gl =gl V client side
4| compute Al = =Cs, (e} + g! —h!)and Al = Cs, (g} — hj)

5. | updateel, =ei+gi—hi—Alandhl,, =h}+ Al

6: send to server A¢ and Az

7: update X411 := x; — fyht -2 ZZ LAl V server side
8: \ update hyy 1 = h; + = Zz 1 AZ

F D-EC-SGD wiTH BiAS CORRECTION AND DOUBLE CONTRACITVE
COMPRESSION

In this section we follow algorithm D-EC-SGD with bias correction (Stich,[2020). In this algorithm,
the learning mechanism for h! to approximate h! is built using additional compressor from more
restricted class of unbiased compression operators. We show that unbiased compressor can be
replaced by more general contractive one; see Algorithm 4] for more detailed description.

F.1 NOTATION

For D-EC-SGD with bias correction and double contractive compression we consider the following
notation

=~ * 1 - 7 1 . 1
X, =E[[|x —x*|?], E = - Z]E [llefll’], and H,= - ZE [IVf(x:) — hyl|?] .
= - (30)

F.2 CONVERGENCE ANALYSIS

Now we present the convergence rate for D-EC-SGD with bias correction and double contractive
compression.

First, we highlight that Lemma[I] Next, we present the descent lemma in E;.

Lemma 19. The iterates of D-EC-SGD with bias correction and double contractive compression

satisfy
2(1—44)

By < (1-92)E; + 5
1

H, + (1 - 61)0% (31)

Proof. We have

1 n )
Eipn = EZE[HG;-H”Q]
=1

1< i, i i i i i
= —> Elle} +gi —hi—Cs (e +gi —h)|’]
=1

@ - 7 R AT
< ;E[neﬁgt b ]
1-61) & | _
= %ZE[HGH'Vfi(Xt)—h;HQ}+(1_51)02_

i=1
Using Young’s inequality we continue

n

Z [V fi(xe) = by ]

E,., < (1—(51)(1+0&1)Et+(1—(51 +a1

:\'—‘

+ (1 - 51)0’2

27



Published as a conference paper at ICLR 2024

Now, if we choose oy = ﬁ, we obtain the statement of the lemma. O

Lemma 20. Ler f be L-smooth, then the iterates of D-EC-SGD with bias correction and double
contractive compression satisfy

1
?E [Ixe41 — x¢)|°] < 40® + 4H, + 8E, + 8LF,. (32)

Proof. We have

IR
Hhtietigﬁ'ﬁZAﬂP

1
SE [[[xe11 —x¢||’] =E
v =1

+2E [|les + g¢|?]

1 & o
< 9R h, — _ - C 7 1_hz 2
< l| t— € — &+ " ; 5, (ep +g; )l

IN

2 ¢ i i i, i i o?
=S B[ - ef - gi +Cs, (e} + g — hi)[[*] + 27 +4F,
i1

+ AE [[|V £ (x0)[I?]

2(1—é1) - i i i o’
<5 > E[|hi e} —gil?] + 2— +4E, + 8LF,
1=1

2
< 2(1 - 01)0% +4(1 — 61)Ey + 4(1 — 6y)Hy + 27— + AE, + ALF,
n
<40® + 4H, + 8E; + 8LF;. O

In our next lemma we state the descent in H;.

Lemma 21. Let f be L-smooth and each f; be L;-smooth, then the iterates of D-EC-SGD with bias
correction and double contractive compression satisfy

5y  16L2%42
Hao<(1-2+ i
1 5

VH, +

32122 16L2L~2 161242 8
g E, + g F, + v + 242
(52 (52 52 62

. . 52 .
In particular, if v < WoIR then:

) 3212~
Hi <(1- §2)Hf + 7

(33)

16L2L~? 160292 8\ ,
E F, —
5 t + 5 t + 5 + 5 o
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Proof. We have taking the expectation E; [] w.r.t x;

E; [Hip1] = ZEt “Vfl Xt41) — Cs, (g hZ)H ‘}
=1
(1) 1 < 2
< - W+ B I filxia) = Vi) ]
=1
LS BB [V A i - il — )]
i=1

< L1+ B)Ey [|lxe1 — xe]?]

30 A e+ (70— 0~ b s - )]
2 L*(14 B)Eq [|Ixe41 — %1%

+i§<1+ﬂ-l><1+sl>m (g — bi — Cs.(gi — b))

4 % Zn;(l +87H(1 + sTHE, [vai(xt) - gﬂﬂ
4 B)E i — x|

£ S WA+ ) (1 - B [l — Bl + (1 + 67+ 57,
i=1

where in (i) we use Young’s inequality; in (¢¢) we L-smoothness; (ii7) we use variance decomposition

in (iv) we use the definition of Cs, and bounded variance assumption. Note that gi’s are independent
from V f;(x,) — hi, and E, [V f;(x;) — g{] = 0, we have:

E¢ [Hi1] < LP(1+ B)E, [th+1 - XtHQ} + % S4BT+ s1)(1 = 62) ||V filxe) — hiHQ
=1

+ (LB +51) (1= d2)0” + (1 + 1) (L +571)o”
We also can upper bound E ||x; 41 — x;||> by Lemma 20{which leads to
E¢ [Hepa] < (148711 +s1)(1 = 82) Hy
+ L2(1 + B)y* (8E; + 4H, + 4LF, + 40°)
A+ +s )+ (1487 +51)(1 = b2)) 0
Now we need to properly set all constants 3, s1, to derive the lemma statement. In particular, if we
choose § = ==

4-265 — 062
5 and s1 = 50-53) then

8y 16L%~2 3212~ 16 L2 L~? 160242 8
Ho<(1-24+ 220y, 222V g, o TR T+ O
4 52 (52 52 52 52

Next we consider the Lyapunov function ¥, := X; + aH; + bE,

Lemma 22. Let f be L-smooth and u-strongly quasi-convex, and each f; be L;-smooth. If v <
5ijﬁ~ then:
64v2L’

o? 3100Lo?
U <(1- %)‘I’t - %Ft + 72? + 43

4
5252 (34)
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Proof. By Lemma([l] Lemma|I9] and Lemma21] we have:
Vi1 = Xep1 +aHi 1 +0E

72

(1 — M)X{» — 7Ff ?0'2 + 3L’)/3Ef
52 321242 16L2 L2 161242 8\
1-2>)H E F, —
<( R A R G R
51 2(1 — 51) 0'2
b((l1—-—)E;+ ———H, 1-61)—
so(- P+ 0= 007
Y da  2(1—=461)b
=(1--—)X 1- =+ ———""—)aH,
( 9 )Xo + ( g 5ia atly
61 3Ly* 320742
1-—= bE,
+ ( + b + 5ab t
16L2 2 8
b(1—46
( ) 1>>
1 L2L
( 6 vy a) F,
Ifb:= % = 32 andify < 62&%}4, then for the coefficients next to H; we have:
da  2(1—=461)b >y
1- 24+ —-———"<1-=
8 + dra 16’
for the coefficients next to £; we have:
81 3Ly3 320242 01
1——= <1- L.
2 + b + oob T 8’
for the coefficients next to o we have:
161242 8 3100L
b(l —6;) <3 ;
CL( 62 + (52)+ ( 1) 6%(5% )
for the coefficients next to F; we have:
v 161 oy
0o - 4
Putting it together we have:
YL 0% 50 33100Lo?
\\J <(1--—2)¥;, — =F — —_——
e R Lt it 7>
where we note that %* < @1 and 4+ < —g O

Theorem 9. Let f be u-strongly quasi-convex around x* and L-smooth. Let each f; be L;-smooth.
Letv < 919 Then after at most

64V2L"
o~ 2 T
r—alo . VLo L L
une  pd162et/2 T pud1do

iterations of Algorithm{|it holds E [f (Xou) — [*] < €, where X,y is chosen randomly from x; €
{xq, ..., %7} with probabilities proportional to (1 — )~ (t+1),

Proof. We need to apply the results of Lemma[3] Lemma[22]and Remark [4] O

We observe that D-EF-SGD with double contracitve compression still achieves nearly optimal
asymptotic complexity with stochastic gradients, where a o2 factor is hidden in the log terms.
However, in the non-asymptotic regime it has poor dependency on compression parameters §; and
d3. In the simplest full gradient case, when §; = do = & and 0% = 0, the linearly convergent term is
proportional to § 2. In opposite, EF21 and EControl have only 6! dependency in this setting.

30



Published as a conference paper at ICLR 2024

G COMPLEXITY OF EF21-SGD

In this section we consider EF21 mechanism. [Richtarik et al.|(2021) demonstrate that EF21-GD,
i.e. EF21 with full local gradient computations converges linearly. In the stochastic setting, it has
been shown in (Fatkhullin et al., 2023) that EF21-SGD converges only with large batches. For
completeness, we present convergence guarantees of EF21 with arbitrary batch size. In particular, we
show that EF21 can converge to an error of O( ‘gi
in Algorithm 3]

5) in a log number of rounds. EF21 is summarized

Algorithm 5 EF21

1: Input: xo,hj = sz-<><o>, voandhy = 2570 h

2: fort=0,1,2,... do

3 gt gl V client side
4: =Cs(gi —h')

5: h’é+1 hl + Al )

6: send to server: A%

7

8

Xip1 = Xg — 1yht . ‘ V server side
hypp =hg+ 2570 A

Consider Fy = f(x;) — f*and H, = 1 30 | ||V fi(z¢) — h§||2 The following lemmas are simple
modifications of the lemmas in (Li et al. 2021) and (Richtarik et al., [2021)) in the presence of
stochasticity. Therefore, we state them without proofs.

Lemma 23 (Lemma 2 from|Li et al.|(2021))). Let f be p-strongly convex and L-smooth. Then iterates
of EF21-SGD satisfy

1 L
Foa < (A —yp)F - (27 - 2) E [||Xt+1 - Xt||2} + (200 + (1 —)yH,.  (35)

Lemma 24 (Lemma 7 from Richtarik et al.|(2021)). Let f be u-strongly convex and f; be L-smooth
for all i € [n]. Then iterates of EF21-SGD satisfy

§ 2L2 302
Et [Ht+1] S (1 — 4) Ht + TE |:||Xt+1 — XtH2:| + % (36)

Now consider ¥; := F}; + aH;, where a := %. Putting these two lemmas together, we have:

Lemma 25. Let f be u-strongly convex and f; be L-smooth for all i € [n]. Let v < Then

OOL
iterates of EF21-SGD satisfy '

40L 300
B[] < (1 =)W — TEt [”Xt+1 — x| } <2 T 5 ) o (37

where ¢ == y.

Solving the recursion, one can show that

e—7(T+1) 300
P < ————Wo + (2 + 52) o>

In particular, this means that ¥ decreases to O(%) in O ( log ~¢ EodL ) rounds. Therefore, EF21-

SGD can be used as warm up algorithm to find good approximation of h‘*. As we can see, the output
of EF21-SGD satisfies the restriction for Algorlthm In particular, we show that at any iteration of
EF21-SGD, we have £ >°7 | E [||h} — V fi(x*)||] < 4L, if v and a are chosen as in Lemma[25]

Lemma 26. If f; is L-smooth and convex, and h; and x; are generated by EF21 with v =
then

)
100L”’
f§ E [||nf — Vfi(x")||] <4L¥,

where V; = F; + aH; and a = ;.
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Proof.

fZE“hz v < 230K [Ini - e + ZE[anzxt) v £ilx)|?]

=1

< 2578 [ - VAx)|]

=1

LS (o) = 1) = (V)i =)

i=1

= % Y E [th; = vfi(xt)}ﬂ +AL(f(xe) — f*)

=1
— 9H, + ALF,
< ALV,
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